Rice paddies are an important source of the greenhouse gas methane (CH 4 ). Global methane emission estimates are highly uncertain and do not account for effects of interpolation or data resolution errors. This paper determines such scaling effects for the in¯uence of soil properties on calculated CH 4 emissions for the island of Java, Indonesia. The effects of different interpolation techniques, variograms and neighbor optimization were tested for soil properties by cross-validation. Interpolated organic carbon values were not signi®cantly different from the original soil samples, in contrast to interpolated soil iron contents. Interpolation of soil properties coupled to a process-based model on CH 4 emissions led to a signi®cant change in distribution of calculated CH 4 emissions, i.e., the variance decreased. Effects of data resolution were examined by interpolating soil properties to derive data at different data resolutions and then calculating CH 4 emissions by applying the processbased model at these resolutions. The soil properties did not differ signi®cantly for different data resolutions, in contrast to calculated CH 4 emissions. These scaling effects were caused by the combination of interpolation and a non-linear model. Real scaling effects may even be larger because small-scale variability was not accounted for. Scaling effects, including those caused by small-scale variability, have to be considered to achieve unbiased and less uncertain global CH 4 emissions estimates from rice paddies.
Introduction
Methane (CH 4 ) is an important greenhouse gas. The major sources of atmospheric CH 4 are known, but the contribution of these sources to the global CH 4 budget is highly uncertain.
Rice paddies are among the important sources of atmospheric CH 4 . Most estimates of global CH 4 emissions from rice paddies are multiplications of an average CH 4 emission rate by the length of the growing season and harvested area. Estimates of the global CH 4 source strength of rice paddies change frequently as new data become available or a different estimation method is proposed. Recently published values are 117 + 50 Tg=yr (Holzapfel-Pschorn and Seiler, 1986) , 100 + 40 Tg=yr (Aselmann and Crutzen, 1989) , 100 + 50Tg=yr (Schu Ètz et al., 1990) , 42±82 Tg/yr (Bachelet and Neue, 1993) , 60 + 40 Tg=yr (Houghton et al., 1996) , 50 + 20 Tg=yr (Neue, 1997) , 53 Tg/yr (Cao et al., 1998) and 80 + 50 Tg=yr (Lelieveld et al., 1998) , illustrating the large uncertainty. Since emissions from rice paddies cannot be directly measured at the national, continental or global scale, it is dif®cultÐif not impossibleÐto judge which estimate is more realistic.
A major source of uncertainty is the large intrinsic variation in CH 4 emission in time and space due to spatial variation in biophysical properties and agricultural management (e.g., Denier van der Gon and Neue, 1995; Nouchi et al., 1994) . Reducing uncertainties is dif®cult because underlying processes leading to CH 4 emissions are hard to quantify and because data characterizing rice agricultural management or other necessary attributes are scarce.
An additional source of uncertainty is the methodology used to obtain global emissions, e.g., upscaling. As CH 4 emissions cannot be measured at the global scale, or even at the national scale, suitable predictor variables have to be chosen to describe and explain variations in CH 4 emissions if one uses an upscaling approach. At present, however, local variation in these predictor variables is hardly accounted for and if it is done, then large databases on land use and/or soil types with resolutions of 1 61 (Bachelet and Neue, 1993) or 0:5 60:5 (Cao et al., 1998) are used. None of these studies account for effects of interpolation or data resolution errors. These so-called scaling effects are well-known to occur in erosion studies (e.g., Dunne et al., 1991) and may also be signi®cant when upscaling CH 4 emission to the global scale. This will have biased various global CH 4 emission estimates differently, depending on the databases used. These different biases probably increased the uncertainty in these estimates. Unfortunately, a thorough analysis of scales, at which all processes and data can be summarized properly to calculate global CH 4 emissions, has not yet been made. Such optimal scales may well differ from the scale at which global databases are available.
The objective of this paper is to discuss possible scaling effects on CH 4 emissions from rice paddies that arise from spatial variability in soil properties. Soil properties are chosen as a test case, because of their large in¯uences on CH 4 emission and because of data availability. The island of Java, Indonesia, is used as a case study, being an important rice growing area. Soil samples from rice ®elds of Java are collected and analyzed on soil chemical and morphological properties by the Center for Soil and Agroclimate Research (CSAR). We focused on effects caused by: (i) choices made in interpolation of soil sampling data to land areasÐinterpolation effects; and (ii) effects of different block sizes for soil data and rice distributions on calculated CH 4 emissionsÐdata resolution effects. In principle, the methodology can be applied to any other area.
Materials and methods

Methane emission model description
Methane emissions from rice paddies depend on complex process interactions. In this study, the focus is on the in¯uence of soil iron content (Fe) and soil organic carbon content (OC), because these two soil properties are among the controlling variables for CH 4 emissions from rice paddies and because CH 4 emissions depend non-linearly on Fe and OC (van Bodegom et al., 2000) . A process-based model on plot scale CH 4 emissions (van Bodegom et al., 2001 ) requires data on Fe and OC to calculate CH 4 emissions independent of its neighborhood. Two compartments, a rhizosphere and a bulk soil, are distinguished in this model. To calculate CH 4 emissions the model contains simpli®ed process-based descriptions of CH 4 production, transport and oxidation for each compartment. The model was extended and validated for situations in which the rice yield was not optimal (van Bodegom et al., 2000) . Modeled daily and seasonal CH 4 emission were validated with measured emissions collected at several experimental sites in Asia, including one on Java (van Bodegom et al., 2001) . Calculated seasonal CH 4 emissions did not differ signi®cantly from measured seasonal emissions (at P < 0:05). Measured and calculated seasonal emissions had a Pearson correlation coef®cient of 0.95. In this paper we present modeled seasonal CH 4 emissions.
Model input parameter values are estimated from independent sources. Soil data on OC and Fe were collected at 553 rice ®eld sampling sites scattered throughout Java. These sites were selected from governmental agricultural databases according to a simple random sampling design used to quantify rice farmers' soil fertility status for CSAR. Other site speci®c data are rice variety, rice yield, inorganic and organic fertilizer input, length of the growing season and temperature. Since our objective was to study interpolation and data resolution effects of soil properties, area-weighted average values for input parameters other than soil properties are applied based on the most recent available information, which were collected in 1994. Only data on the rice variety and for the length of the growing season come from data collected in 1996 (Table 1 ). In this study, different inputs for Fe and OC are coupled to the model, keeping all other parameter values constant. For data resolution calculations, modeled CH 4 emissions are presented per area land by correcting for rice area distribution, which is based upon an integrated set (Verburg et al., 1999) collected from land use maps and agricultural statistics.
Interpolation effects
Quanti®cation of spatial variability
Scaling effects arise if the spatial heterogeneity presented by point data (in this case soil samples) is not correctly integrated while scaling up to an area. Application of geostatistics may minimize scaling effects using the spatial autocorrelation of variability and by interpolating spatial characteristics. A variogram (Webster, 1985) was constructed for OC and Fe to quantify the relationship between the expected squared difference of two measurements and the distance separating the locations of the measurements, i.e., to quantify autocorrelation. Different variogram models (spherical, exponential, linear with sill and a Gaussian model) were ®tted to the data by minimizing the mean square error. The best ®tting model for OC is a spherical model g s h:
where c 0 is the nugget variance, c 0 a is the sill variance and h is the distance (in km). For Fe, the best ®tting model is an exponential model g e h:
g e h c 0 a e ? 1 À e À h=r e h > 0: 2
Soil parameter interpolation
Given a variogram model (and thus given autocorrelation) and a set of parameter estimates, interpolations to unsampled locations can be obtained using techniques from regionalized variable theory. Ordinary kriging (Journel and Huijbregts, 1978) was employed. The number of neighbors involved in kriging was optimized by crossvalidation (Voltz and Webster, 1990) . From the original dataset, 111 samples (20%) were randomly selected and put aside as a test set. The remaining 442 samples were used to predict OC and Fe towards the test set. Predicted and measured values for the 111 samples were compared and analyzed using ®ve different statistical indices:
1. The mean error (ME) quanti®es the bias of the prediction, ME 1 n where Z * x i is the predicted value and Zx i is the measured value. ME should be close to zero for unbiased methods;
2. The mean absolute error (MAE) is a measure of the total error of prediction,
MAE should be zero for a correct estimation; 3. The mean square error (MSE) combines both the precision and the bias of prediction,
MSE should be as small as possible; 4. The mean square deviation ratio R measures the goodness of ®t of the prediction,
where Sx 2 is the estimated variance for measured values Zx. The better the estimate is on average, the closer is R to 1; 5. The correlation coef®cient r was used;
where covZ * x; Zx is the estimated covariance between predicted and measured values, S * x is the estimated standard deviation of the predicted values and Sx is the estimated standard deviation of measured values.
The results for interpolation of OC and Fe by ordinary kriging were compared with interpolation results obtained by inverse distance weighting (IDW). IDW does not use geostatistical information, but weighs the information as a function of distance (in this study a power 2 function was used). The number of neighbors involved in IDW was optimized by cross-validation in the same way as described above.
Methane emission interpolation
Methane emissions occur per de®nition over a certain area and are modeled using spatial estimates of OC and Fe. Based upon the spatial resolution of 553 soil samples and the rice area distribution data, the smallest area that can be distinguished was 20620 km (yielding 329 blocks to describe Java). By contrast, processes leading to CH 4 emissions occur at very ®ne scales, e.g., the scale of a single root. Given scale differences and a non-linear dependence of modeled CH 4 emissions on OC and Fe estimates, it is expected that there is an in¯uence of the interpolation method for the soil properties on spatial explicit estimates of CH 4 emissions. Ordinary block krigingÐordinary kriging applied and averaged for different positions within a block (Journel and Huijbregts, 1978) Ðwas applied to interpolate OC and Fe to the 20620 km resolution, using all soil samples. Interpolation was made to 100 locations within a block, independent of the block size. The sensitivity of modeled CH 4 emissions to the choice of variogram model for OC and Fe and the number of block kriging neighbors for OC and Fe was investigated by considering to following cases: (i) Application of the best ®tting variogram models for OC and Fe in combination with the optimal number of kriging neighbors. This was used as default in the remainder of the study; (ii) An exponential variogram for OC and a spherical variogram for Fe was applied instead of the best ®tting variograms; (iii) The number of kriging neighbors was equal to 12Ða default estimate in many studiesÐinstead of the optimal number; and (iv) Arithmetic averages of OC and Fe in each block were used to evaluate interpolation ef®ciency (assuming that empty blocks are unimportant rice areas and do not contribute to CH 4 emissions).
Data resolution effects
Soil parameter data resolution
Data resolution is important because a different CH 4 emission estimate is expected when calculating emissions ®rst followed by averaging calculated emissions (thus calculating CH 4 emissions at high resolutions), than averaging soil property data ®rst followed by calculating emissions (calculating CH 4 emissions at low resolutions). The main reasons are the scale differences between CH 4 emissions and OC and Fe and the non-linear response of CH 4 emissions on OC and Fe. A similar scaling effect has been found for soil moisture de®cits (Stein et al., 1991) . The effects of data resolution were tested in this study by choosing 20620 km, 40640 km, 1006100 km (which is similar to 1 61 ) and``whole Java'' (10216322 km) as block sizes. We distinguish two upscaling procedures. In stepwise upscaling, data from the neighboring ®ner scale are used as input for interpolation, i.e., ordinary block kriging using the variograms for OC and Fe. This is a common upscaling procedure as only one ®ner scale has to be considered. In contrary, in this study, the complete original soil sample set was used for interpolation at all data resolutions. This avoids the application of variograms beyond their original ranges during computations at coarser data resolutions. Also, it avoids accumulation of interpolation errors at coarser data resolutions.
The statistical effects of data resolution were tested in two ways. At each data resolution except for``whole Java'', a cumulative probability distribution function (cdf ) was constructed for OC and Fe. The differences in locations and shapes of the cdf's were tested statistically by the Kolmogorov±Smirnov Z testÐbased upon the maximum absolute difference between the cdfsÐand the Wald±Wolfowitz runs testÐ based upon ranking the parameters values of the cdfs. These tests assume independence, which is not true for the spatially correlated data used in this study. The test distributions were therefore approximated by a Monte Carlo simulation, i.e., the cdfs were randomly sampled and statistically tested 10,000 times and the con®dence interval was calculated based on this sampling. All statistical probabilities on cdfs presented in this study, including those on interpolation effects, are based on this analysis. This statistical analysis of the cdfs is not spatially explicit and the test is liberal in the sense that it tends to reject the null hypothesis of equality of cdfs too often.
As one reviewer pointed out, an alternative analysis is possible according to a random ®eld approach (Cressie, 1991) by simulating the data from the model and go through their procedure to estimate the cdfs and compute test statistics. However, this is at present outside the scope of the manuscript. Instead, the mean within-block dispersion and the block-means dispersion were analyzed to quantify the spatial relationships at various data resolutions.
The within-block dispersion disp Zx i can be calculated as:
where blocks is the number of blocks at a certain data resolution. The block-means dispersion dispZx is calculated as:
where Zx is the observed overall mean value.
Methane emission data resolution
Methane emissions were calculated for 20620 km, 40640 km, 1006100 km and``whole Java'' data resolutions by coupling block kriged OC and Fe to the model for each block. Calculation of within-block dispersion of CH 4 emissions is not possible due to the absence of measured CH 4 emissions. Data resolution effects on CH 4 emissions were therefore only tested on cdfs constructed at each data resolution. These cdfs were compared statistically to the cdf of calculated emissions using the original 553 samples. It is assumed that the cdf of the 553 model runs on emissions provides an unbiased estimate of the non-spatially distributed variability encountered in CH 4 emissions (given the accuracy of the presented model).
Results
Interpolation effects
Quanti®cation of spatial variability
The spatial variability in both OC and Fe is described by variograms (Fig. 1 ). For OC, the estimated parameter values for g s h Equation (1) Fig. 1 . The excellent ®t for the variogram models that are signi®cantly different from absence of spatial autocorrelation signi®es that spatial autocorrelation is present over distances of 35±43 kmÐas calculated from the effective spatial autocorrelation ranges.
Parameter estimation and choice of a variogram models are independent of h, as long as the analyzed distance is larger than the effective spatial autocorrelation range. Nugget variance and sill variance are higher for soil iron than for soil organic carbon, while average amount of soil iron and soil organic carbon is similar. The effective spatial autocorrelation range is similar for soil organic carbon and soil iron. This surprises at ®rst sight, because we expected a more local in¯uence on soil organic carbon due to (highly variable) farmers' management. By contrast a larger spatial dependence was expected for soil iron, because that is thought to be dependent on parent material and thus on the geological circumstances. This suggests that ®eld to ®eld variation in farmers management could not be distinguished by this dataset because of the large distances between sampling points. An alternative explanation is that ®eld to ®eld variation in OC is smaller than anticipated, e.g., because burning of crop residues after harvest and the absence of use of organic amendments have a leveling effect on OC variability.
Soil parameter interpolation
The number of neighbors for ordinary kriging was optimized for OC (Table 2) and Fe (Table 3) by cross-validation. The optimal number of neighbors is related to the variogramÐand thus on the dataset usedÐand indicates the number of neighbors at a distance smaller than the range. The optimal number of neighbors for Fe is therefore only slightly higher than for OC.
Similarly for the IDW procedure, an optimal number of neighbors can be distinguished by cross-validation for OC (Table 4) and Fe (Table 5 ). This optimal number differs from the number obtained for ordinary kriging as IDW employs a different distance weighing. Table 2 . Statistical indices for the cross-validation of soil organic carbon estimation by ordinary kriging with different numbers of neighbors accounted for. In between brackets the ranking is given (1 is best, 6 is worst). The average ranking is given in the bottom row. To determine the necessity of spatial interpolation, the values of the test set were also predicted by randomly selecting samples from the remaining dataset, i.e., without considering the neighborhood. Both optimized interpolation methods perform better than these randomly selected samples (Table 6) for OC as may be expected for spatially Table 4 . Statistical indices for the cross-validation of soil organic carbon estimation by inverse distance weighting with different numbers of neighbors accounted for. In between brackets the ranking is given (1 is best, 6 is worst). The average ranking is given in the bottom row. Table 6 . Statistical indices for the cross-validation of soil organic carbon and soil iron content estimation by a random selection, by optimized inverse distance weighting (with 10 and 12 neighbors for carbon and iron, respectively) and by optimized ordinary kriging (with 6 and 8 neighbors for carbon and iron, respectively). In between brackets the ranking is given (1 is best, 3 is worst). The average ranking is given in the bottom row. correlated parameters. For Fe, IDW performs similarly as a random prediction. Spatial interpolation is thus not always better than a random selection for Fe. This is due to the high variance in the soil iron data (shown by the high MSE). This high variance is not accounted for in all interpolation procedures, leading to high biases (high MAE). Ordinary kriging takes best account of the spatial heterogeneity (Table 6 ) and will be used hereafter.
Methane emission interpolation
Ordinary block kriging was used as interpolation method to obtain area averaged values for OC and Fe. The results of the sensitivity analysis of the interpolation techniques are summarized in cdfs in Fig. 2 . The sensitivity analysis shows no signi®cant difference in either soil organic carbon or soil iron content between different interpolation procedures. For comparison, Fig. 2 also contains the cdf of the original 553 samples. The underlying assumption is that the variance and distribution expressed in the cdf of the original data is representative for the real variance and distribution in the parameter values. The cdf of OC is, compared to the cdf of the original data, not signi®cantly affected by interpolation P > 0:05. The effects of interpolation on Fe estimates are much larger (Fig. 2b) as might be expected from the poor cross validation results (Table 3 ). The cdf of interpolated Fe are signi®cantly different from the cdf of original data at P < 0:05 and P < 0:01 for the cdf based on the block averages and for the other interpolation procedures, respectively. Interpolated OC and Fe values were used to calculate CH 4 emissions by coupling OC and Fe estimates to the process-based model. Results of the sensitivity analysis are summarized in cdfs for CH 4 emissions (in g m À 2 rice season À 1 ) in Fig. 2c . Methane emissions calculated from interpolated soil properties are not signi®cantly different P > 0:05 for the different interpolation procedures. Methane emissions calculated from interpolated soil properties are however signi®cantly different from emissions calculated from the original soil data P < 0:05. The mean CH 4 emission is hardly in¯uenced by interpolating the soil properties, but the spatial heterogeneity in CH 4 emissions is highly affected. A decrease in spatial heterogeneity in combination with a non-linear model response leads to the signi®cant difference in calculated CH 4 emissions.
Changes in the cdf for Fe are probably the reason for the signi®cant differences found for CH 4 emission. The differences between the cdfs for CH 4 emissions are different from differences between the cdfs of the underlying soil properties. This is probably due to the non-linear relationship between OC and Fe and the resulting CH 4 emissions.
Data resolution effects
Soil parameter data resolution
The effects of data resolution on OC and Fe are summarized in a cumulative probability distribution function. The data resolution effects on these soil properties are small (Fig. 3) . The cdfs obtained for 20620 km blocks are not signi®cantly different from the cdf's for 40640 or 1006100 blocks P > 0:05.
On the other hand, there are differences in the dispersion at different data resolutions, as is shown for the changes in within-block dispersion and block-means dispersion with data resolution (Fig. 4) . As block sizes increase, the mean within-block dispersion increases only slightly, indicating that the accuracy of the prediction in one particular block slightly decreases with a coarser data resolution. The effects might have been small, because a constant (optimal) number of neighbors was considered at each data resolution. The effects on the dispersion of block-means were much larger. About half of the variability in the soil property values is lost from the original samples to the ®rst block size due to interpolation (Fig. 4) . Dispersion of block-means decreases further with increasing size of the blocks. The large loss of dispersion of block-means also implies that not much dispersion can be added to within-block dispersion of the soil properties at increasing block sizes and might be another reason for the small changes in within-block dispersion. Similar data resolution effects were found for nitrate leaching by Bouma et al. (1996) .
Methane emission data resolution
Block kriged values for OC and Fe at the different block sizes were used as input for the CH 4 emission model. Calculated CH 4 emissions (in g m À 2 rice season À 1 ) were used to construct a cdf at each data resolution (except for``whole Java''). These cdfs were compared to the cdf of calculated emissions using the original 553 samples (Fig. 5) . Again, CH 4 emissions calculated at all data resolutions are signi®cantly different from the CH 4 emissions calculated based on the original soil property data P < 0:05. The cdf of CH 4 emissions obtained for 20620 km blocks is not signi®cantly different from the cdf for 40640 P > 0:05, but it is signi®cantly different from the cdf for 1006100 blocks P < 0:05. The reduction of the variance in CH 4 emissions at coarser data resolutions causes this difference.
The spatial variance of modeled CH 4 emissions could not be analyzed via the calculation of within-block dispersion as was done for OC and Fe. Changes in CH 4 emission estimates with data resolution can however be spatially visualized by a GIS representation (Fig. 6) . For that purpose, calculated CH 4 emissions (in g m À 2 rice season À 1 ) were multiplied by the total harvested area of rice in a block and corrected for the total block area to obtain CH 4 emissions in g m À 2 land year À 1 . Total harvested areas for Java were constant for all data resolutions. Such a correction for harvested area does not affect the results of the statistical analysis shown above. Apart from signi®cant changes in mean CH 4 emission, Fig. 6 shows that there are also clear changes in modeled CH 4 emission patterns with data resolution for Java. Information on the spatial variability of CH 4 emissions is lost under in¯uence of data resolution. The changes in variability and means of modeled CH 4 emissions by applying different data resolution are still smaller than the changes induced by interpolating original samples to areas. These last effects are however hard to visualize due to the lack of area averaged CH 4 emission measurements.
Discussion
Methane emission estimates
The in¯uence of upscaling soil samples to area averaged soil properties to calculate area averaged CH 4 emission estimates is summarized in Table 7 . Table 7 presents the average and standard deviation in CH 4 emission per block and the total estimated CH 4 emission for Java summing all blocks after correction for the harvest area per block. These estimates do not present actual CH 4 emissions from rice ®elds on Java, because only spatial data on soil properties were included in the model, whereas average values were used for all other parameters. A realistic actual emission estimate should also consider other data sources, including other sources for soil data, as different data sources may change the outcome (unpublished results, van Bodegom et al.) . Such an estimate should also account for spatial and temporal variability in e.g., climate, cropping areas, organic amendments and water management. In this study, those in¯uences are intentionally not accounted for as it would obscure scaling effects under in¯uence of variability in soil properties.
Scaling effects on soil properties are small. The effects of both interpolation and data resolution on OC are not signi®cant. For Fe, only interpolation effects are signi®cant and data resolution effects are not signi®cant (compare Figs 2 and 3) . For CH 4 emissions, however, scaling effects are considerable (Table 7) . Although the bias in average CH 4 emissions by kriging is small, a signi®cant effect of interpolation on the cdf is present, because not all sources of variance in soil properties, e.g., due to geology and land use, could be included. Effects of data resolution on CH 4 emissions are larger (up to 12%) than effects of data resolution for both OC and Fe (up to 3%) . Methane emissions calculated from the original soil samples are signi®cantly different P < 0:05 from all interpolated estimates at all data resolutions. Moreover, CH 4 emissions calculated at 1006100 km blocks (which is comparable to the block size normally applied in upscaling of global CH 4 emissions) are signi®cantly different P < 0:05 from those calculated at 20620 km blocks. Under in¯uence of scaling effects, data resolution has a different in¯uence on CH 4 emissions in g m À 2 rice season À 1 than on total CH 4 emission (in Tg), although the total amount of rice area is constant for all data resolutions. This is especially due to loss of information on spatial heterogeneities (Figs 5 and 6 ), through which high CH 4 emissions are allocated to blocks with differing rice areas at different data resolutions.
Interactions between model and data
Signi®cant scaling effects probably are caused by interaction between the interpolated data and the non-linear model. The original data represent point samples and had to be interpolated to allow regional estimation. Interpolation always implies some loss in accounted variability (Fig. 2, Table 7 ). Effects of alternative assumptions in kriging are not signi®cant and will not be discussed further. Interpolated soil properties are coupled to a model, which also leads to a loss in accounted variability as models describe general trends only. Modeled CH 4 emissions respond in a non-linear way to underlying soil properties. This response highly depends on the local conditions (van Bodegom et al., 2000) . In the case of Java, CH 4 emissions are almost independent of soil organic carbon in the lower range while changes in soil iron content led to a more than linear change in CH 4 emission (Fig. 7) . Extremes (e.g., hot spots) thus exhibit a behavior that is different from that of the average, while spatial information on these extremes is lost by interpolation and modeling (Fig. 6 ). This automatically leads to scaling effects.
Scaling effects on mean emissions are small. The main reason is that mean CH 4 emission estimates are in¯uenced by a signi®cant correlation P < 0:006 between soil iron content and organic carbon in the Java soil samples. This correlation masks scaling effects on the mean caused by interpolation and data resolution. Choosing a different, purely theoretical, correlation can, however, amplify scaling effects (results not shown). Which correlation applies for areas with soils from a completely different origin and/or different farmer's management is unknown. Scaling effects are thus situation dependent and, more speci®cally depend on data distribution, correlations between data and relations between underlying processes that control the entity to be predicted (in our case CH 4 emission).
Small-scale variability
The initial scale of the analysis was determined by the distance between the soil samples and was much larger than the size of individual rice ®elds. Thus, detailed scale variability in soil properties is not accounted for. Variability in CH 4 emissions at detailed scales,
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however, can be substantial. At the scale of individual rice plants, it shows a coef®cient of variation (CV) of 44% (Denier van der Gon and Neue, 1996) . This variability is most likely due to variation in plant properties, because all plants were grown in sieved, homogenized soils from the same ®eld. At the scale of a single plot with uniform management, soil property variability explains the observed variability with CV's typically ranging from 7±30% (Denier van der Gon and Neue, 1995) with extremes up to 80% (Wassmann et al., 1996) . Between farms in the same area, cropping and nutrient management can be different, leading to additional ®eld to ®eld variation (Khalil et al., 1998) . This variability could not be captured in our study, because it occurs at more detailed scales, and might explain the signi®cant differences between interpolated soil properties and the original soil samples. Since only interpolated data could be used for further analysis, small-scale variability could not be accounted for in the determination of scaling effects. The full scaling effects of CH 4 emissions may thus have been underestimated. On Java, farmers' management might have leveled off small-scale variability (see Section 3.1). The unexplained (smaller-scale) variability for OC and Fe was only about 30% of the total variance and the overall variability in OC and Fe could be accurately described by variograms. We do thus not expect small-scale variability to be dominant for Java.
Conclusions
Clear scaling effects of interpolation and data resolution on CH 4 emissions were observed. These scaling effects were larger for CH 4 emissions than for the underlying soil properties, OC and Fe, due to the non-linear model response to these properties. In this study the scaling effects were signi®cant, but small, because soils on Java are relatively homogeneous and because correlations between soil properties reduced some scaling effects. Based on these results, Java can be considered suitable for upscaling of CH 4 emissions from small scale to regional scale based on point data with a limited and acceptable increase in uncertainty in the ®nal emission estimates.
Scaling effects may have been underestimated because small-scale variability was not accounted for. For Java, this does not substantially change the results. It is recommended that scaling effects on CH 4 emissions and on parameter values of underlying processes at scales below 20620 km are also studied in the future to verify this. Alternatively, a probability-based sampling design may be applied to select sites for CH 4 emission measurements to obtain design-unbiased emission estimates. The combination of studies on scaling effects at small to regional scales in different rice growing countries with different parent material and/or rice agricultural practices may produce unbiased global CH 4 emissions estimates from rice paddies.
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